We develop a model of manipulation of indexes, whose components are illiquid in that they require fair valuation based on comparable instruments. Such an index may be susceptible to manipulation since distorting the prices of only a few assets could potentially shift its value. Our model provides a measure of the manipulability of an index and identifies which assets are most likely to be manipulated. We apply our model to analyze the manipulability of national municipal bond indexes subject to various bond size thresholds.
Introduction
The ability to profit from derivatives positions by manipulating underlying assets has been a longstanding concern of those who oversee and participate in financial markets. Numerous academic studies have articulated concerns regarding manipulation of underlying markets for both physical and cash-settled derivatives.
1 A number of financial institutions have been accused over time of engaging in this type of manipulation. For example, the United Kingdom's Financial Conduct Authority fined Barclay's in 2014 for placing manipulative orders during the daily gold price fixing in order to avoid paying out on a derivative position. The aforementioned examples all involve manipulation of a single reference asset or instrument. Manipulation may also be feasible for derivatives which reference an index of assets when either economic or structural issues make the index vulnerable to manipulation.
For example, Dutt and Harris (2005) develop a model of manipulation which they apply to narrow-based index derivatives. Manipulation of a concentrated or narrow-based index may be feasible since the cost of manipulating a small number of assets may be sufficiently low.
Our paper examines another setting of such vulnerability, in which the index consists of illiquid assets. We use the term illiquid to refer to assets with two features. First, these assets are costly to trade in terms of market impact, bid-ask, and other transaction costs. Second, they are traded infrequently and, as a result, generally require fair valuation based on similar assets. 5 A trader can, in principle, manipulate an index of such assets by distorting prices in just a few select components of the index. The prices of other assets in the index should shift as a result of this distortion since their prices are linked through fair valuation.
6
In this paper, we develop a model of such manipulation. We assume that the manipulator holds a derivative position which can be liquidated costlessly. This position can represent a cash-settled or redeemable derivative or liquid exchange-traded product such as an ETF.
Prices are distorted either indirectly through trade (as in the aforementioned Barclay's and Avista manipulations) or directly by misreporting quotes and transactions (as in the LIBOR manipulation). Our model can address two critical questions. First, to what degree is a particular portfolio of illiquid assets manipulable? Second, which assets within such a portfolio are most likely to be manipulated? Addressing the first question will give market supervisors and others information about which derivatives and investment vehicles are prone to manipulation. Addressing the second question can help market supervisors focus their efforts to detect manipulation.
In this paper, we apply our model to assessing the manipulability of fixed-income indexes. Our motivation derives from the growing class of indexed investment funds referencing fixed-income and other illiquid assets. 7 Although these funds can be mutual funds, a growing number are exchange-traded funds (ETFs) that list their shares on national securities exchanges. 8 Exchange proposals to list new exchange-traded products are subject to Sec. 6(b)(5) of the Securities Exchange Act of 1934, which requires, among other things, that the exchange's rules be designed to prevent manipulative acts and practices.
Some of these ETFs reference municipal bond indexes with bond supply thresholds that vary significantly across funds in terms of issuance amount or par amount outstanding. One 5 This notion of illiquidity does not necessarily conform to the definition provided by the Investment Company Act of 1940 and Commission guidelines. The 40-Act definition of an illiquid asset is one which cannot be disposed of in the ordinary course of business within 7 days for its carrying value. Long-standing Commission guidelines have required 40-Act funds (e.g., mutual funds and ETFs) to hold no more than 15% of their net assets in illiquid securities and other illiquid assets. Our definition admits a much larger class of securities. In this paper, we examine indexes, which can potentially underlie 40-Act funds yet are composed almost entirely of illiquid assets according to our definition.
6 In this paper, we also consider the case whereby a manipulator distorts the index by trading in related securities outside of the index as we discuss later.
7 See: http://www.bloomberg.com/news/articles/2012-07-10/fixed-income-etfs-to-own-2t-in-10-years. purpose these thresholds serve is as a proxy for liquidity. Morgan Stanley and BlackRock also recently proposed the creation of "single issuer" fixed-income trusts, which would hold bonds issued by a single corporate or municipal entity.
9 These funds are currently prohibited by concentration limits within US tax code and have been proposed to address bond illiquidity exacerbated by CUSIP proliferation. However, the extent to which these highly concentrated funds would be prone to manipulation is still unknown.
In this paper, we study how varying bond supply thresholds affects the manipulability of a particular hypothetical bond index (based on the S&P National AMT-Free Municipal Bond Index). A lower threshold will admit more components to the index. All else equal, such a change should make this index less susceptible to manipulation, as having to distort more components should increase the cost to the manipulator. However, a lower threshold should also decrease the average liquidity of the index components, thus making the value fo these components more sensitive to manipulative activity. Such a change should increase susceptibility to manipulation, all else equal. Therefore, the net effect on manipulability of lower supply thresholds is a priori unclear.
In this paper, we generate a number of novel findings. First, market impact cost does, indeed, appear to decrease with bond supply. However, municipal bond maturity has a much stronger relationship with market impact cost. This measure of liquidity is relevant for a manipulator because it determines both the cost of a manipulation and the benefit in terms of the magnitude of the price distortion. This result is consistent with the findings of the European Securities and Market Authority (ESMA) in a 2014 consultation paper (ESMA (2014)). The ESMA study documents a relationship between bond issuance size and liquidity as measured by trading volume for sovereign and corporate bonds. Market impact cost also decreases as credit rating increases. However, municipal bond maturity appears to have the strongest relationship with market impact cost than these other two variables in our sample.
Second, we document a slight decrease in manipulability as the number of index components increase in response to decreasing bond supply thresholds. This decrease in manipulability stems from a decrease in index concentration, which more than offsets any changes in market impact costs of the index components. We should add the caveat that our results hold for the particular index we examine and may not hold generally across all conceivable municipal bond indexes.
Our paper is related to a number of others which examine manipulation in financial markets. First, our model is based on that of Dutt and Harris (2005) , which applies to indexes underlying cash-settled derivatives. We focus on indexes of illiquid assets that are routinely fair-valued so that the index value moves when a manipulator trades in a small number of comparable assets. There are also related papers which develop models of manipulation of single reference assets for cash-settled derivatives. The paper of Kumar and Seppi (1992) was the first to do so in a one-period model of trade in the underlying market. Horst and Naujokat (2011) and Gallmeyer and Seppi (2000) both develop dynamic models of manipulation to benefit cash-settled derivative positions. In their models, multiple manipulators trade to distort the price of a single reference instrument over multiple periods -the former in continuous time and the latter in discrete time. In contrast, we focus on one-shot manipulation that occurs prior to the realization of gains. Our focus is on the manner in which a manipulator distorts specific instruments to move an index and not on the dynamics of the manipulation.
A related empirical study is that of Cornell (1997) , which examines the possible manipulation of the Bond Buyer Index (BBI) of municipal bonds underlying cash-settled futures contracts listed on the Chicago Board of Trade. There are also a number of papers which employ data analysis or econometric methods to detect manipulation.
10 Our proposed method for detection differs in that it is grounded in a theory of profit-maximization by a manipulator rather than deriving from an ad-hoc empirical model.
The remainder of this paper proceeds as follows. Section 2 desribes the general form of our model, which only assumes that the manipulator exerts a linear impact on prices.
Section 3 describes a "first-principles" version of the model based on Kyle (1985) in which the market forms rational expectations from informed trades. We then apply our model to our hypothetical municipal bond indexes in Section 4. Section 5 concludes.
The model described in this section is based on that of Dutt and Harris (2005) The manipulator trades in the illiquid underlying assets (or related securities) to manipulate the index. However, our model can generalize to the case where the manipulator is a market maker who misstates quotes as we discuss at the end of this section. We assume that the manipulator trades in a segmented dealer market with delayed public revelation of trades after execution as with a number fixed-income markets.
11 Trades are assumed to have a linear impact on prices as in the Kyle (1985) model. Namely, trading dollars of asset causes a return (i.e., the fractional change in price) on this asset of magnitude:
Econometric models of market impact typically use a non-linear impact function. 12 We employ a linear model for simplicity although our results generally apply for a non-linear impact function as well.
There are assets, in which the manipulator could trade to distort the index. However, the manipulator only trades in a subset, ≤ , of these assets with different dealers. 13 We make this assumption to capture discrete costs of trading each asset. The subset of assets, in which the manipulator trades, is denoted ℑ = { 1 , 2 , . . . , }. In vector notation, the 11 For example, both the Municipal Securities Rulemaking Board and FINRA post trades and prices in the municipal and corporate bond markets, respectively, to the public up to 15 minutes after each transaction.
12 See Almgren (2003) and the references therein. 13 We assume that the manipulator does not execute multiple trades in the same asset with different dealers. This assumption can be justified by adding the presence of similar substitutable assets with identical market impact cost. Trading in such assets can yield greater benefit to the manipulator if these assets are not perfectly correlated. Namely, the index will react less to two trades in the same asset than to two trades in imperfectly correlated assets. This property of inferences from multiple variables will be a feature of the first-principles model outlined in the next section.
manipulator makes the following dollar trades in these assets:
Trading in a single asset is assumed to influence not only the price of that asset, but also other correlated assets in the index after revelation of the trade. This assumption is meant to capture fair valuation for illiquid assets based on similar assets, such as "matrix pricing" for bonds. We again assume a linear price impact so that, after revelation, the manipulator's trade causes a return (or fractional change in value) on the index of the following magnitude:
where ⃗ Φ ℑ is the -vector linear price impact coefficient for this trade on the index. We account for the dollar amount of the manipulator's trades in terms of the "true" (or pretrade) value of the assets. Therefore, the net cost of this trade to the manipulator is given by:
since is the amount by which the manipulator overpays for each dollar of asset . We can re-write this cost in vector notation as:
where Γ ℑ is a diagonal matrix such that (Γ ℑ ) , = . We assume that the value of the manipulator's derivative position moves in proportion to the change in the index. In other words, information migrates from the underlying market to the derivative market as a result of index arbitrage. Therefore, the profit of the manipulator is given by:
The first-order condition for this profit yields the manipulator's optimal trade quantities:
Therefore, the manipulator's maximum profit for the subset of assets ℑ is given by:
The manipulator will further maximize this profit over the subset of assets traded, so that this optimized profit is given by:
For a given , the term (
⃗ Φ ℑ provides a measure of the manipulability of this index. In addition, the optimal subset of assets and traded quantities derived from this model can help market supervisors ascertain which assets are most likely to manipulated.
As mentioned earlier, this information can be used in determining the likelihood that certain market actions were intended to manipulate prices for the purposes of investigating and prosecuting offenses.
One can directly estimate the market impact coefficients for trade in an asset on the transacted price for that asset, · , using transaction and pricing data for the underlying markets. We estimate these coefficients for the aforementioned municipal bond indexes in an event-study framework in Section 4. Estimation of ⃗ Φ ℑ , in contrast, is not as straightforward.
Generally, one will observe trading activity in different sets of assets each trading period in real-world transactions data. It is not a priori clear what the associated data imply for the market impact on the index from a trade in the specific set of assets, ℑ . For this reason, we require a model to determine what information should be inferred when the manipulator trades in ℑ . We consequently develop, in the next section, a first-principles model of informed trade in multiple assets, in which the market forms rational expectations based on this trade.
As mentioned previously, our model can generalize to the case where the manipulator is a market maker who misstates quotes. In this case, the manipulator distorts prices directly and not indirectly through trading. We begin our argument by observing that the manipulator's cost function can be rewritten in terms of price distortions rather than traded quantities.
Namely, we invert equation (1) and re-write in vector notation as:
ℑ ⃗ ℑ where ⃗ ℑ is a vector capturing price distortions for these assets in terms of the returns caused by trading. Substituting into the manipulator's cost from equation (5) yields:
Therefore, the manipulator's profit in equation (6) can also be rewritten as follows:
The manipulator's cost in this objective function is quadratic in price distortions and proportional to the liquidity of the distorted assets (as captured by Γ −1 ℑ ). In addition, the manipulator's revenue is proportional to the price impact on the index from the manipulation.
We argue that a manipulator who distorts prices directly will face an objective function that is roughly equivalent to this one. It is reasonable to surmise that such a manipulation will involve costs that are convex in the the magnitude of the distortion and proportional to the liquidity of the distorted assets. For example, misreporting the price of a more liquid asset will be more likely to arouse suspicions of manipulation.
14 In addition, manipulating prices directly can lead the market to make similar inferences as trades that lead to those price distortions, as long as prices impound information efficiently. Therefore, the price impact on the index should be similar whether conducted through trading or prices. We conclude that our model can generalize to the case of a market maker manipulating prices directly.
First-Principles Model
The following model is a one-period model of trade in a competitive dealer market similar to Kyle (1985) . Our variation of his model features trading in multiple assets through segmented dealers. In addition, information about all transactions is publicly revealed prior 14 Misstating the price of a more liquid asset may also attract informed trade attempting to exploit this distorted price if based on marketable quotes.
to assets paying off. We assume that trading by a manipulator in this market is sufficiently rare so that it has no material effect on the equilibrium for prices. Under normal market conditions, a number of informed traders arrive randomly to the market independently of one another. For simplicity, all agents in this model are assumed to be risk-neutral, and the risk-free rate is assumed to be zero.
Dealers offer competitive prices in risky assets. At time 1, asset provides a terminal payoff of ℜ , which is normally distributed with mean of 1. At time 0, each informed trader transacts with a different dealer after observing information about one of the risky assets.
Specifically, a trader observes a signal of = ℜ + where is normally distributed with mean zero. This trader then transacts with a dealer by soliciting a quote for their desired dollar quantity, . In addition to their own trade, the informed trader must also intermediate a trade of in dollar terms, which is distributed normally with mean zero. This additional demand is equivalent to noise trade in the model of Kyle (1985) . This demand could represent external trades passed through to dealers such as creation and redemption requests made to asset managers.
Following the analysis of Kyle (1985) , the linear equilibrium for prices and trade in this market is as follows:
2 . We can equate price changes from the Kyle (1985) model to returns above since the price of each risky asset is marked to its unconditional mean of 1 prior to trade.
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We denote the terminal value of the index by ℜ 0 , which is a normally distributed average of the individual asset payoffs. After public revelation of trades, the value of the index should change by the following amount dependent upon the conditional expectation on ℜ 0 based on the observed trade of ⃗ Θ ℑ :
where
⃗ Σ {0},ℑ is the vector covariance between the index value and trade in these assets with elements given by:
where =
is a parameter ranging between 0 and 1, which measures the informativeness of signal = ℜ + .
Σ ℑ ,ℑ is the covariance matrix of trade in these assets with elements given by:
Therefore, the index market impact coefficient vector, ⃗ Φ ℑ , can be estimated using the covariance of returns, trades, or some combination thereof.
Application to Municipal Bond Indexes

Index Information and Data
In this section, we apply our model to assessing the manipulability of municipal bond indexes as discussed earlier. Specifically, we analyze the effects of bond supply thresholds on the manipulability of a specific hypothetical national municipal bond index based on the S&P National AMT-Free Municipal Bond Index. This index admits all outstanding non-callable investment grade U.S. municipal bonds rated by the big three credit rating agencies (i.e., S&P, Moody's, and Fitch) with deal size greater than $100 million. We consider four possible supply thresholds at issuance for this index: 1) $100 million (bond or CUSIP-level), 2) $100 million (deal-level), 3) $75 million (deal-level), and 4) $20 million (deal-level).
The first threshold roughly corresponds to the generic standard for fixed-income ETF indexes on the NYSE Arca exchange, the primary listing venue for ETFs. Conforming to this standard allows the exchange to list the ETF without external regulatory approval.
The precise threshold for this standard is $100 million par amount outstanding per bond (or CUSIP). However, we lack precise daily data on amount outstanding. Therefore, we use bond size at issuance as a proxy for this threshold. The second threshold obviously corresponds to the existing threshold for the S&P National Index. There are municipal bond indexes with listed ETFs which correspond to the last two thresholds.
We divide our index into "matrix categories" (i.e., groupings of similar bonds) based on these four thresholds as well as two other characteristics. Specifically, we further subdivide bonds by high and low credit ratings (AA or higher and below AA) and high and low maturity (>15 years and ≤15 years). Therefore, there are 16 = 4 × 2 × 2 matrix categories in our analysis. We assume that bonds are homogeneous within each category with respect to their market impact and their trade and return distribution.
We use daily fixed-income price and transaction data for the 2014 calendar year from three sources. First, trade size and price data are obtained for the bonds in our sample from the Municipal Securities Rulemaking Board (MSRB). In keeping with the model of Kyle (1985) , we eliminate inter-dealer trades and use customer transactions only. We also winsorize this data, eliminating extreme trade prices and sizes. Specifically, any trade with a price greater than or equal to $148 or less than $70 (less than 0.01% of the sample each) is dropped. 16 In addition, any trade below $5000 par (0.05% of our sample) and above $1 million par (2.5% of our sample) is eliminated. Small and large trade sizes are omitted from our sample for two reasons. First, the market impact function is likely closer to linear than with the inclusion of extreme trade sizes. Second, there are potential timing issues with large trades. Namely, our discussions with a bond transaction data provider (MSRB) indicate that dealers may become aware of large trades prior to their execution. Therefore, large trades may be reported too late relative to their associated price movement. Our second data source is Thomson Reuters DataScope, which provides ratings data from the big three credit rating agencies and daily valuations from Thomson Reuters for the bonds in our sample. We finally obtain the following daily macro interest-rate series from the St.Louis Federal Reserve Bank: the 3 month and 10 year Constant Maturity Treasury Bond yields and the Aaa and Baa Moody's Bond yields. Based on this data, we control all municipal bond returns for daily changes in three macro interest-rate factors: 1) the change in the 3-month Treasury yield, 2) the change in the 10-year Treasury yield, and 3) the change in the Baa -Aaa credit spread. Our goals is to isolate the municipal bond specific component of price movements, as information embedded in municipal bond trades is most likely related to these components.
Parameter Estimation
We estimate the market impact coefficients for individual bonds using the following panel regression:
where , is the return on bond at the time of transaction relative to the most recent transaction or valuation price, , is the dollar size of the trade (marked at the most recent previous price), and ( ) is the market impact coefficient for bond 's matrix category, ( ).
Our estimates for these market impact coefficients are shown in Figure 1 and Table 1 .
Other than for low credit rating/low maturity bonds, market impact costs increase as bond supply thresholds decrease. Therefore, municipal bond supply appears to be a reasonable proxy for liquidity in the context of manipulation. As mentioned previously, this result is consistent with the findings of a 2014 ESMA consultation paper (ESMA (2014)). The ESMA analysis documents a relationship between bond issuance size and liquidity as measured by trading volume for sovereign and corporate bonds. In addition, market impact cost is higher for low credit rating and high maturity bonds. Maturity serves as the best proxy for liquidity in our sample, as this relationship is particularly strong.
We next turn our attention toward estimation of the index impact vector,
Estimates of ⃗ Σ {0},ℑ and Σ ℑ ,ℑ based on trade covariances in equations (14) and (15) are shown in Table 2 . One can see from these estimates that only 5 of 16 of the elements of ⃗ Σ {0},ℑ are significantly different from zero. We conjecture that there is low power in the non-zero alternative since other factors which drive returns (including concurrent trades in other assets) create noise in these covariance estimates. As a result, we use an estimate for ⃗ Σ {0},ℑ based on the return covariance in equation (14). One only needs to estimate · for each matrix category to employ this approach.
We estimate · (and ( · )) using a GMM procedure which equates the estimates of the elements of ⃗ Σ ℑ ,ℑ in equation (15). These estimates for · are shown in Table 1 . Our GMM procedure yields estimates for · , which all range within the prescribed bounds of 0 to 1. One can see that there is little variation in these estimates across matrix categories.
Within the Kyle (1985) model, one would interpret this finding to mean that variability in liquidity across assets is driven by the volume of noise trading and not by the accuracy of information.
Manipulability Analysis
We now discuss our main findings regarding the effect of bond supply thresholds on the manipulability of our hypothetical municipal bond index. Our analysis assumes that the manipulator holds a $10 million notional position in a municipal bond index derivative, which can be traded or redeemed costlessly. In addition, the manipulator distorts prices by executing eight trades in our 16 possible matrix pricing categories. We believe that a manipulator in the municipal bond market could reasonably execute eight trades within a 15-minute time span before these trades are revealed to the public. We have performed this analysis for both five and ten simultaneous trades and produced similar findings. One implicit assumption in our analysis is that the manipulator can distort an index with a given supply threshold by trading in any bond within our universe, whether or not this bond is a component of the index. Table 3 shows results for our four bond supply thresholds in terms of M-factor, manipulator profit, and index distortion in percent. We see that manipulability decreases slightly as bond supply thresholds decrease. In addition, the manipulator executes trades in two matrix categories. Specifically, one trade is in a bond with high credit quality, low maturity, and at least $100 million CUSIP-level issuance size; seven trades are in bonds with high credit quality, low maturity, and between $100 million CUSIP-level issuance size and $100 million deal-level issuance size. The manipulator trades in this manner irrespective of the index threshold. This finding is noteworthy because the manipulator trades in these categories whether or not they are included in the index. The reason is related to the high correlation between size-weighted returns of these matrix categories as shown in Table 4 . Therefore, the manipulator selects matrix categories based on attributes other than their degree of correlation with (or inclusion in) the index.
In particular, the two optimal matrix categories offer the two lowest market impact costs for the manipulator. Hence, we find minimizing market impact costs to be a primary determinant of the manipulator's trading behavior. One can see from equation (14) that the manipulator's impact on the index is inversely related to this market impact cost (as represented by · ). Therefore, decreasing market impact cost, all else equal, increases the manipulator's benefit while decreasing the cost of the manipulation.
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The decrease in manipulability of the index across lower thresholds is caused by a decrease in index concentration. It is clearly not caused by a shift in the manipulator's trading strategy to more liquid instruments as this strategy stays fixed across thresholds. However, the decrease in M-factor is slight and does not fall in proportion to the number of index components. The reason is again related to the high correlation between matrix categories.
As a result, the "effective" concentration of the index does not decrease dramatically as more components are admitted.
Conclusion
In this paper, we developed a novel model of manipulation of indexes of illiquid assets.
Manipulation becomes feasible with such an index in our framework since shifting prices of a few assets should move the index as a result of fair valuation. Our model offers a quantitative measure of manipulability of a particular index and a prediction about which particular assets would be targeted for manipulation. We applied our model to a specific hypothetical national municipal bond index with varying bond supply thresholds. Our model indicated that lower thresholds can decrease susceptibility to manipulation by decreasing the concentration of the index. We should add the caveat that our findings may not hold for other municipal bond indexes with greater concentration in terms of geographical region, maturity, rating, bond type, and purpose. We should also note that our empirical analysis was based on an ad hoc model of asset returns with coarse matrix categories. This empirical implementation could be improved using the actual matrix model employed by pricing vendors in this market.
One could also extend the model to multiple periods as in Horst and Naujokat (2011) and Gallmeyer and Seppi (2000) to understand the dynamic strategy of a manipulator holding a derivative whose "delta" could change over time.
Our framework is relevant to a number of current regulatory issues. For example, exchanges are seeking to expand the range of fixed-income index derivatives available for trad-
ing. An understanding of the potential manipulation of indexes becomes increasingly important as regulation expands its oversight to new exchange-listed derivatives and direct supervision of index providers.
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18 The Financial Conduct Authority in the United Kingdom has begun to regulate eight benchmarks used to price financial instruments and contracts. The European Commission has also recommended the regulation of all benchmarks used for pricing in the EU. A principal stated goal of these new regulations is to deter manipulation. This table shows estimates for market impact coefficients ( · ) and information accuracy ( · ) parameters for 16 matrix categories using data from Jan-Dec 2014. The numbers after "Cat" (i.e., matrix category) represent the following. In the left (tens) digit: 1 means at least $100 million CUSIP-level size; 2 means at least $100 million deal-level but less than $100 million CUSIP-level size; 3 means at least $75 million but less than $100 million deal-level size; 4 means at least $20 million but less than $75 million deal-level size. In the ones digit: 1 means high maturity (>15 years) and high rating (AA or above); 2 means high maturity and low rating (AA-or below); 3 means low maturity (≤15 years) and high rating; 4 means low maturity and low rating. This table shows sample covariance (×10 5 ) of daily average dollar transaction size for each of 16 matrix categories using data from Jan-Dec 2014. The last row is the sample covariance of daily average dollar transaction size with the return on our national municipal bond index with threshold of $20 million per offering at issuance. The numbers after "Cat" (i.e., matrix category) represent the following. In the left (tens) digit: 1 means at least $100 million CUSIP-level size; 2 means at least $100 million deal-level but less than $100 million CUSIP-level size; 3 means at least $75 million but less than $100 million deal-level size; 4 means at least $20 million but less than $75 million deal-level size. In the ones digit: 1 means high maturity (>15 years) and high rating (AA or above); 2 means high maturity and low rating (AA-or below); 3 means low maturity (≤15 years) and high rating; 4 means low maturity and low rating. For each row, -values are shown in parenthesis below each covariance; ***, **, and * indicate statistical significance at the 1%, 5%, and 10% level, respectively. This table shows the correlation between size-at-issuance weighted returns for each matrix category using data from Jan-Dec 2014. The numbers after "Cat" (i.e., matrix category) represent the following. In the left (tens) digit: 1 means at least $100 million CUSIP-level size; 2 means at least $100 million deal-level but less than $100 million CUSIP-level size; 3 means at least $75 million but less than $100 million deal-level size; 4 means at least $20 million but less than $75 million deal-level size. In the ones digit: 1 means high maturity (>15 years) and high rating (AA or above); 2 means high maturity and low rating (AA-or below); 3 means low maturity (≤15 years) and high rating; 4 means low maturity and low rating. All entries are significant at the 1% level. 
Figure 1: Market Impact Cost for Matrix Categories
This figure shows estimates for market impact coefficients ( · ) as percentage of bond price change per $1,000,000 trade for 16 matrix categories using data from Jan-Dec 2014. Each line represents a different rating/maturity category (in Table 1 notation, Cat ·2, Cat ·1, Cat ·4, and Cat ·3, from top to bottom), and each category on the -axis represents a bond supply (issuance size) category. The -axis categories are ordered in the order of decreasing bond issuance size (in Table 1 notation, Cat 1·, Cat 2·, Cat 3·, and Cat 4·, from left to right).
